I. INTRODUCTION
Image segmentation [1] constitutes an important part of image processing which has various applications in the fields of feature extraction and object recognition. The goal of image segmentation methods is to cluster the pixels of an image into salient regions and hence these methods mainly involve various clustering techniques [2] [3] [4] [5] [6] . These clustering techniques separate a set of vectors or data points into different non-overlapping groups or regions such that each individual group or region, namely cluster, consists of similar kind of vectors or data points which are referred to as the members of that cluster. Recently researchers have proposed fuzzy segmentation methods which assign fuzzy membership values [7] to each image pixel according to its likelihood of belonging to various clusters. But, practically, in real-life problems, the digital image, to be segmented, is corrupted with various types of noises. Thus noisy image segmentation has become a challenge for classical segmentation methods because it requires both adequate removal of noise as well as preservation of the unique structural characteristics of the image like sharp edges, junctions and contours.
Fuzzy c-means (FCM) [8] [9] clustering partitions a dataset or a set of image pixels, into c pre-defined number of clusters and assigns fuzzy membership values to each image pixel for its tendency to belong to a specific cluster. But this conventional method is not immune to noise and does not include spatial information in association with every individual pixel.
An enhanced FCM clustering method (EnFCM) [10] was proposed by Szilagyi et al., on the basis of a linearly-weighted summed image formed by aggregating information from the local neighborhood of every pixel and original image. Cai etal. formulated a spatial similarity measure by utilizing both graylevel and spatial information to generate a non-linearly weighted image in the fast generalized FCM (FGFCM) [11] segmentation method. But the disadvantage of these methods is their dependency on several heuristic parameters which vary as the complexity of the digital image changes, hence leading to non-robustness. It is very difficult to choose these heuristics optimally, especially when the image is itself noise-ridden.
In order to eliminate the problem of excessive parameterization, Stelios et al. introduced a parameter-free fuzzy local information c-means clustering (FLICM) [12] method. Furthermore, a variant of this method, RFLICM [13] , was introduced by Gong et al. but the method does not involve spatial constraints. Both these methods fail to accurately preserve the edge information in images as they produce blurry edges.
Most of the existing clustering schemes, including the abovementioned methods, use Euclidean norm, which serves to be non-robust in case of non-Euclidean input data set. Kernel based methods [14] - [17] of segmentation transform data points; in this case, image features in the lower dimension inner product space to a higher dimensional space using nonlinear mapping, thereby facilitating the segmentation process.
The existing kernel based image segmentation methods perform better segmentation of noisy images than classical segmentation methods; but they still suffer from their own drawbacks. For instance, the method proposed by Chen et al. [18] uses the mean of the surrounding pixels of a particular image pixel as a measure of spatial information. As a result of this, equal weights are assigned to all of the surrounding pixels of a particular pixel, which does not accurately convey the spatial contribution of different neighbors located at different distances from the pixel under consideration. More importantly, this method does not consider the gray-level or pixel intensity deviations in a particular neighborhood window around a pixel of concern.
Gong e. al. [19] recently proposed a kernel based fuzzy clustering scheme that takes into account both spatial constraints and neighborhood information. Their method proposed a trade-off weighted fuzzy factor that changes the contribution of neighborhood pixels in accordance with local coefficients of variation and independent noise distributions in localized square-shaped neighborhood windows. Our proposed method incorporates spatial constraints and local information by calculating the weighted mean of the surrounding pixels, the weights being dependent on circular color map [20] induced distances between the coordinates of the center pixel and that of the surrounding pixels. Circular color map induced weights have been used instead of Cartesian distance dependent ones so as to accurately portray the spatial damping for circularly shaped neighborhood masks. However, the foundation of our algorithm lies in extracting the weighted SUSAN [21] [22] area values from all localized windows and forming a composite distribution of this weighted area over the entire image. Fuzzy non-homogeneity coefficients or damping coefficients are then derived by transforming the spatial domain localized weighted SUSAN area values into fuzzy domain values by utilizing the standard deviation of the composite distribution. The motivation for utilizing circular neighborhood masks and their corresponding SUSAN area information, instead of square neighborhood windows as used by Gong et al. in [19] , is that the former has been used in various other image processing applications [22] to accurately preserve the information contained in edges, junctions and corners. To evaluate the effectiveness of the competing algorithms in preserving edge structure, we have devised a novel and accurate fuzzy decision based Edge Quality Factor (EQF) that incorporates the concepts of fuzzy rule based edge pixel estimation as discussed in [23] and a no-reference blur metric proposed in [24] . In the point of noise immunity, our method achieves more robustness than the other competing algorithms as shown by experimental results for different kinds of noise such as Salt and Pepper, Speckle, Gaussian, Poisson and Rician noise. Two speckle noise ridden Synthetic Aperture Radar (SAR) [25] [26] images and two Rician [27] [28] noise ridden medical image are considered for testing.
The organization of the paper is as follows:-Section II provides the framework of the original kernel based work proposed by Chen et al. Section III introduces the weighted neighborhood information while sections IV and V present the need for computing weighted SUSAN area and fuzzy damping coefficients respectively. Section VI proposes the modified Kernel based objective function while Section VII provides experimental results. Applications to SAR and Medical Images and computational complexities are found in Sections VIII and IX while section X concludes the proceedings.
II. FRAMEWORK OF THE ORIGINAL KERNEL BASED IMAGE SEGMENTATION
A spatial constraint based variant of FCM was proposed by Chen et al. in [18] whose objective function is given in Eq. (1) :-
(1)
The second part of the function in Eq. (1) stands for spatial information related to each image pixel, which eliminates the shortcomings of classical FCM. Though it tries to maintain homogeneity among neighborhood pixels, this method is burdened with a hefty computational overhead since all the pixels in a particular neighborhood window are needed to be considered in each iteration.
A simple modification has eliminated this problem and this was achieved by computing the term
, where ̅̅̅ represents the mean of the surrounding pixels in a particular window. This modification takes less computational time as ̅̅̅can be calculated in advance. Hence the objective function boils down to the one presented in Eq. (2). This Kernel function ( , )is used to avoid the use of transformation matrix, ensuring an improvement in inner product. 
Kernel space can be constructed using Kernel functions instead of inner products. Centroids were taken in the original space instead of in a higher dimension for better interpretation of results. On the basis of these mathematical formulations, the objective function boiled down to the one in Eq. (6)
Then a Kernelized substitution produced Eq. (7).
Chen et al. finally proposed the original Kernel based objective function, as given in Eq. (8) .
where the partition matrix values and centroids are presented as in Eqs. (9) and (10) respectively.
However the spatially varying contributions of the neighborhood were not taken into account. Hence, we have proposed certain spatial and neighborhood information based modifications of the original objective function that take into account fuzzy damping coefficients associated with each nucleus, derived using circular color map induced weighted SUSAN area values. The next section introduces the neighborhood mask shape and the circular color map induced weights.
III.WEIGHTED NEIGHBOURHOOD INFORMATION
(a) (b) Most of the existing image segmentation algorithms fail to preserve the edges, junctions and contours present in the original noise-ridden image. The SUSAN edge detection algorithm [21] [22] was introduced to achieve proper detection of junctions and contours in an image and this serves as a motivation to use a SUSAN area based circular mask to ensure the preservation of the edges and contours. For the computation of SUSAN area, a mask of 37 pixels, i.e. 36 pixels around a pixel of concern, is taken under consideration. The area spreads over 7 rows with the rows having 3,5,7,7,7,5,3 pixels respectively. The problem, however, lies in the fact that all the neighboring pixels in the entire mask are given equal importance or weights. To incorporate spatial information such that pixels have spatially varying contributions, circular color map induced weights are assigned to each and every pixel of the mask. The weight of a particular neighborhood pixel basically represents the inverse of the number of horizontal and vertical moves required to reach that pixel from the center pixel. Thus the entire circular mask is divided into 4 circular rings 1 , 2 , 3 and 4 with the contributions of the pixel members in the rings being 1, 1/2, 1/3 and 1/4 respectively as is indicated by Fig.1(b) . The nucleus itself will have unit weight associated with it. Cartesian distances should not be used to determine the contributions of the neighbors since that will not reflect the actual circular nature of the mask. The members of the same circular ring will have different weights associated with them if Cartesian distances are used to determine the weights. For instance, the second most inner ring will have pixel members with both weights 1/2 as well as 1 √2 ⁄ associate with them. However, members belonging to the same ring must have same weights associated with them. Thus this circular color map induced weighted mean will be used in place of the arithmetic mean as an initial modification of the objective function proposed by Chen et al. The weights used in our approach are represented in Eq. (11) .
is the circular neighborhood of the center pixel or the nucleus and ( ) corresponds to any ℎ pixel in neighborhood window including the nucleus. This spatially and circularly varying weighted neighborhood information would be used to replace the arithmetic mean ̅ with the circular colour map induced weighted mean ̅ which is computed as shown in Eq. (12):
where ( ) is the pixel intensity of a neighboring pixel r∈ and ( )is the circular pixel distance of the r-th neighbor from the center pixel or the neighbor. Thus an initial modification of the Kernel-based objective function can be given in Eq. (13):-
Here, we have not varied the contribution of the neighbors except for directly incorporating spatial constraints in the nonlinear kernel mapping. The circular color mapped induced weights of neighbors around the nucleus i.e. ̅ have only been used to modify the inputs to the kernel mapping function in the second part of Eq. (13) i.e.
( ̅ , ))and have not been used explicitly as damping coefficients. The next subsections introduce fuzzy damping coefficients which would be used to further modify the Kernel based function by varying the contributions of every nucleus on the basis of weighted SUSAN area values computed for every circular neighborhood around the nuclei.
IV. CIRCULAR COLOR MAP INDUCED WEIGHTED SUSAN AREA
The SUSAN area [21] [22] is a metric for determining the number of neighbors that have similar intensity to the nucleus or the center pixel. The intensity of the nucleus is compared with all the surrounding pixels in the mask to compute the SUSAN area value. The deviations of the intensities of the 36 neighbors with respect to the intensity of nucleus are evaluated using Eq.(14).
where 'r' is the position of any neighborhood pixel, 'r0' is the position of the nucleus, ( )is the intensity of any pixel in the mask, ( )is the intensity of the nucleus and 't' is a parameter that determines the range of output of the equation.
The individual deviations for all the 36 neighbors computed by Eq. (14) are added to obtain the SUSAN area. Eq. (15) represents the SUSAN area.
However, this sort of a calculation does not reflect the spatial information conveyed by the neighbors and thus the weights introduced in Section III are included in the individual deviation calculations to produce the modified deviations ́( , 0 ) in Eq. (16),
where ( )can be computed from Eq.(11). These individual deviations are then summed up using Eq. (17) .
As is evident from Eq. (16), if a neighboring pixel ( ) has the same intensity as the nucleus, the output would be ( ). A perfectly homogeneous region would have all the neighborhood pixel intensities equal to the nucleus intensity. In that case, the individual weighted deviations ́ ( , )and the weighted sum of the outputs for all of the 36 neighboring pixels i.e. ́ ( , )are given by Eqs, (18) and (19) respectively.
Thus the maximum value of the summed output or the weighted SUSAN area can be at the most ∑ ( ) = 16 i.e. the sum of the circular colour map induced weights of all the pixels in . However, that depends entirely on whether a perfectly homogeneous region of 37 pixels is present in the noise-ridden image. Thus, we choose to denote the maximum value of the weighted SUSAN area as calculated for a test image as ́. The choice of the parameter t depends on the minimum value of the output of Eq. (17) . The maximum intensity deviation ( ) − ( ) can be 255 for a grayscale image and we will limit the minimum value of the Eq. (16) to 1/16 such that the minimum value of the summed output of Eq. (17) reduces to 1. Thus the value of the parameter t can be obtained by solving the equation in Eq. (20) .
This yields the value of the parameter t as 215.1424 such that the summed up output range of Eq. (17) i.e. the weighted SUSAN area lies within [1, 16] .
V. FUZZY DAMPING COEFFICIENTS
The initial weighted SUSAN area values proposed in Section IV are mapped to the fuzzy domain values [0, 1] using the Eq. (21) which represents a Gaussian membership [29] - [31] .
wheré is the standard deviation of the values of all the spatial domain weighted SUSAN area values obtained for all the localized windows i.e. ́a nd ́ is the maximum value of the measure globally obtained in an image. Thus computation of ́ requires that the values of ́ for all the localized circular windows be recorded such that their standard deviation can be evaluated. The maximum value of ́i s ' 16' and the minimum value '1'as mentioned in section IV but it is dependent on the test image at hand.
The fuzzy mapping of the spatial domain non-homogeneity values increases the dynamic range of variation of the damping coefficients and associates fuzzy domain values in the range of [0, 1].
The entire Kernel based objective function can be thought of as a summation of the contribution from the nucleus and the contribution of its neighborhood. In case of a perfectly homogeneous region, the contributions of the neighboring pixels have to be taken into account and thus the contribution of the nucleus can be suppressed. With increase in nonhomogeneity, the contribution of the nucleus in the objective function is increased. Higher membership values µ(́) correspond to more homogeneity and hence the damping coefficients required to decrease the contribution of the nucleus with increasing homogeneity is given by ( ) for every kth pixel in Eq. (22) .
where ́ is the weighted SUSAN area value associated with the kth nucleus.
Pertaining to the problem of noise removal with preservation of proper edge and contour information, this modification of the SUSAN principle serves as a better measure of spatial information than taking Cartesian distance induced weights. We conducted our experiments with Cartesian induced weights too and also without taking any spatial constraints or spatially varying weights into account. 
VI. MODIFICATION OF OBJECTIVE FUNCTION
The final modified function incorporates both spatial constraints by using the circular colour map induced weighted pixel intensities as input to the Kernel map as well as nonhomogeneity information by using the fuzzified damping coefficients ( )which increase the contribution of the nucleus with increasing non-homogeneity. The modified Kernel based equation can be presented in Eq. (23) as: (23) where ( ) is the damping coefficient evaluated for any k-th pixel, in accordance with Eq. (22) .
Similarly, the partition matrix values and the centroids are modified in Eqs. (24) and (25) 
The entire pseudocode of the algorithm is presented here. The optimization of the objective function is simply done using successive iteration method which is present in the pseudocode, showing necessary termination criterion for the optimization. which are taken from BSDS is 481x321. The size of the synthetic image was varied from 100x100 to 600x600 to generate the plot for computational complexities of all competing algorithms.
VII. EXPERIMENTAL RESULTS

A. Qualitative Analysis
Qualitative analysis has been rendered with respect to three test images with varying complexities. NNCut algorithm [32] , one of the competing algorithms, is basically a Nystrom method based spectral graph grouping algorithm whereas FLICM, RFLICM, WFLICM and KWFLICM are the other state-of-the-art noisy image segmentation algorithms.
The original images without noise are in Fig. 3 .
(a) (b) (c) 
PseudoCode of KWSFCM
Step 1) Define the number of desired clusters c and Choose cprototype centroids of these clusters and set ε=0.001.
Step 2) Compute fuzzy damping coefficients to set up mathematical expressions for the modified objective function, partition matrix values and centroids.
Step 3) Update the partition matrix values using Eq (24)
Step 4) Update the centroids using Eq (25) Repeat Steps 3)-4) until the following termination criterion is satisfied:
||Vnew-Vold|| <ε where V has been defined previously and ε has been introduced in step 1. 
B. QUANTITATIVE MEASURES
We examined the abovementioned test images quantitatively on the basis of the metrics discussed in this sub-section. To ensure the robustness of our algorithm, we varied the amount of Salt & Pepper noise and Gaussian noise between 20% and 30%. Poisson noise is generated from the image data itself instead of being superficially added. 25 independent runs for all test images were taken to average the results and then the comparison with other competing algorithms was made. Best results have been marked in bold face.
1) Measure dependent on ground truth
Segmentation Accuracy (SA) [33] is considered an important segmentation metric as it determines the fraction of correctly assigned pixels to a particular cluster, hence giving us a clear idea about the de-noising capabilities of different algorithms used in our experiments. This SA can be defined as the sum of the pixels which are correctly assigned to a particular cluster divided by the sum of the total number of pixels. The mathematical form can be written as in Eq. 26.
Here c is the number of clusters, is the set of pixels which forms the i-th cluster as per the algorithm and represents the referenced image's set of pixel which forms its i-th cluster.
The reference or ground images were generated by applying the classical FCM method without adding any noise to the images and then segmentation accuracy was calculated for each noise-ridden image with respect to these ground truth images. Table I depicts the maximum Segmentation Accuracy of our proposed method with respect to all test images for all noise types of varying concentrations as compared to the competing algorithms. Higher value of SA indicates more appropriate clustering. The pixels of the noisy image need to be assigned to those clusters which would have been assigned to the pixels had there been no noise in the image. Our algorithm adequately removes noise and assigns the pixels to proper clusters as is indicated by the maximum values of SA recorded in Table I . The NNCut algorithm fails to adequately remove noise, as a result of which many pixels have been assigned to inappropriate clusters. Thus it has the lowest values of SA associated with it. A qualitative look at Figs 4(b), 5(b) and 6(b) show the inability of the NNCut algorithm to remove noise as can be seen from the speckles in the images that have been assigned to different clusters with respect to their immediate background. Similarly, the lower values of SA for the other algorithms can be attributed to their insufficient removal of noise with respect to our algorithm. In addition, the FLICM and RFLICM algorithms produce blurry edges which indicate that the edge or contour pixels have been assigned to improper clusters, a problem which is eradicated completely by KWSFCM.
2) Measure independent of ground truth
In the absence of absolute ground truth images, a quantitative comparison on the basis of Segmentation Accuracy is impossible. Hence we have used a ground truth independent measure which is basically an entropy based objective function [34] whose minimization ensures that the similarity between the intra cluster pixels is maximized and similarity between pixels residing in different regions is minimized. Eq. (27) defines the region based entropy measure as:- (27) where denotes the region of the image which makes up the th cluster. ( )denotes the number of pixels in the region which have gray level values of 'm'. is the set of all pixel intensities that are present in the region .
Cardinality is denoted by =| | which also signifies the number of pixels in the region region. The region entropy for segmented image can be formulated as in Eq. (28)
Moreover, the entropy for the layout is defined in Eq. (29) as:
A final entropy based objective function can be derived combining both of the abovementioned entropies and can be formulated as in Eq. (30):
Lower value of indicates superior clustering scheme. nd (in this case) for which the error becomes less than ε. The curves of u1, u2, u3 and u are present in Fig. 7 . Also, the iterative changes of the centroids i.e. V1 ( 
3) No-reference Fuzzy Rule based Edge Quality measure
A problem with most of the segmentation algorithms when applied to noise-ridden images is that they fail to preserve the quality of image structure in the form of edges, contours and junctions. Thus it becomes necessary to assess the quality of edges in the segmentation maps generated by the competing algorithms. In our work, we propose a no reference metric for assessing the quality of edges and quantifying the amount of blur introduced by blurry edges. The evaluation of this metric starts with a fuzzy rule based decision mechanism, for selecting edge candidates, that is motivated by the noise and image structure demarcation process used in a fuzzy image filtering algorithm proposed by [23] . After the decision process, the blur content in edges is evaluated by modifying the scheme for evaluation of blur ratio as proposed by Min Goo Choi et al. in [24] .
a. Fuzzy Rule Based Decision for Edge Candidates
The decision process used in the method proposed in [24] takes into account only the horizontal and vertical derivatives for every pixel of concern. But our metric takes into account fuzzy derivative values along 8 directions given by the set dir ={NW, W, SW, S, SE, E, NE, N} in order to correctly identify edge candidates that may be oriented along any of the 8 edge directions and not just along the horizontal or vertical direction. Each of the 8 fuzzy derivatives, along the 8 specified directions shown in Fig. 9 , can be represented as a set of three derivatives. For example, the fuzzy derivative ∇ ( , ) for any consists of three derivatives given by the set { , , }. A detail of the pixel sets involved for computing the fuzzy derivative for each direction is provided in [23] and is also added in the supplementary file. An edge in an image is associated with large derivative values compared to homogeneous regions and noise and thus it is safe to discard a pixel as a non-edge candidate if at least 2 out of the 3 derivatives along any of the 8 directions are small. A parameter K is used to determine whether the value of a derivative is small or large. The decision rule for the large membership function is given as in Eq. (31):-
where was derived in [24] as shown in Eq. (32). and are the maximum and minimum pixel intensities in an NxN neighborhood of concern. Here N was taken to be 9 and the values of 2 were taken as presented in [23] .
The final decision rule for an edge candidate is given as in Eq. (34)
Then ( , ) = ( , ), i.e. in other words, a pixel ( , )is considered as an edge candidate ( , ) if there are at least 2 derivatives out of 3 along any direction which belong to the large membership function.
b. Final Selection Of Edge Pixels
A final decision rule for the edge candidate is taken on the basis of 3-pixel wide derivatives calculated along the horizontal, vertical and diagonal directions that cover all possible orientations of an edge with respect to the center pixel concerned. This reduces some of the false positive edge candidates that may appear from the previous decision process. Eq. (35) provides the final decision rule. These derivative take into account the intensities of every pair of neighbors and thus the 8 dimensions mentioned before need not be considered for computing the Edge Quality Factor. They are required only for the edge candidate selection stage.
́ = {h, v, d1, d2} corresponds to horizontal, vertical and the two diagonal edge directions of the mask where (x, y) ∈ and is the 3x3 neighborhood around any pixel of concern. Eq. (35) implies that an edge pixel will have greater intensity than its blurry neighbors.
c. Calculation of Inverse Blurriness
A measure called inverse blurriness was introduced in [24] but it only covered 3 pixel wide derivatives along horizontal and vertical directions. We have taken the two diagonals into consideration as well and computed 3 pixel wide derivatives along these two directions. The four derivatives along the horizontal, vertical directions and the diagonals whose set is given by ́ = {h, v, d1, d2}, are presented in Eq. (36). 
The inverse blurriness values for the four directions are computed as in Eq. (37):-
d. Decision rule for Blurred Edge
The edge is considered blurred if the maximum of the Inverse Blurriness values for a pixel I(x,y) is less than a certain Threshold (Th) which was kept as 0.1 in the original work. The choice is prudent for our approach as well and the decision rule is presented in Eq. (38).
e. Computation of Edge Quality Factor
A metric for quantifying the blurredness of edges is given by Eq. (39).
Blur ratio = Blur_count/ Edge_count
where Blur_count is the number of blurry edges and Edge_count is the number of edge candidates determined by the fuzzy rule based mechanism.
Edge Quality Factor ( ) defined in Eq. (40) assesses the quality of edges in the segmentation map. Lower the Blur ratio, higher is the EQF. NNCut algorithm fails to preserve noise while still preserving edge information. This algorithm has not been considered for evaluating EQF since the analysis of this factor should be done for algorithms that actively remove noise but selectively preserve edge information. Fig. 10 shows the values of for the remaining competing algorithms averaged over 20 benchmark images from BSDS, for the five types of noises. The x axis presents the five types of noises as 20% Salt & Pepper, Poisson, 30%Salt & Pepper, 20% Gaussian and 30% Gaussian respectively. Highest values of EQF are obtained by our algorithm for all sorts of noises, indicating that it has sufficiently preserved edge information while still managing to remove noise to a considerable extent.
C. INCREASING THE NUMBER OF CLUSTERS
This clustering method is mainly based on spatial illumination deviations in the digital image. Based on this illumination diversity over the image, it is desirable to choose more number of clusters into which the test digital image has to be segmented. Choosing more number of cluster exposes more intricate details which can help in minute object detection. To show the effect, we choose a diversely illuminated image 'Hill' from BSDS-500, which contains differently illuminated layers as can be seen from the mountain region in the image and a 5-level clustering was applied to extract the intrinsic details present in the image. Fig. 11(a) presents the test image 'Hill', corrupted by noise. Fig 11(b) and 11(c) shows the segmented images with 3 level and 5 level clustering respectively. A close inspection of these images reveals that the distant layers of the mountain are not visible in the 3-level segmented image whereas the intrinsic details of those distant layers of the mountain can be clearly spotted in the 5-level segmented image. 
D. EXTENSION TO COLOR IMAGES
Every color image can be visualized as a combination of three primary components-Red, Green and Blue images. Each component can be considered as a gray-scale image and can be segmented in presence of noise. After segmentation, the three components can be concatenated which leads to a segmented color image as can be seen from Fig. 12b ) while the noisy test color image is presented in Fig. 12a ). One of the main characteristic of SAR images is that they are prone to speckle noise. Speckle, a multiplicative noise, manifests itself in as apparently random placement of pixels which are conspicuously bright or dark. This noise mainly varies according to the area reflectivity of the test image. High reflectivity introduces high intensity speckle noise where low reflectivity shows low intensity speckle. Two speckle noise-ridden test SAR images have taken into account where both consist of coastlines, contours, distinguishing linear structures as can be seen from Fig. 13 . In case of Magnetic Resonance Imaging, estimating Gaussian noise as the main contributing noise distribution would be an underestimation. Magnetic Resonance Noise mainly obeys a general form of Rician Distribution, sometimes also the Rayleigh distribution, which originates from the static magnetic field used in the imaging process and depends on the sample image size. Fig. 14 shows an MRI image and the competing segmentation maps.
The segmented images in Fig. 13(b)-(g) show the segmentation results for SAR for all the algorithms. KWSFCM shows perfect detection of contour lines and edges of linear structures even when heavy speckles were present along with varying reflectivity, which is evident from Fig.  13(g) . In case of MRI images, a close look at Fig. 14(b) -(f) shows that the segmentation results using existing methods fail to preserve the pertinent image structures whereas Fig. 14(g), as obtained by our method, contains perfectly demarcated blood vessels and contours which were ridden with noise in the original noisy image. It is to be noted that 2-level segmentation has been done on the MR image. Also for a quantitative study, the entropy measures for all competing algorithms are tabulated in Table III and our proposed method achieves lowest entropy as can be seen from the values in Table III. (a) (b) (c) (d) (e) (f) (g) KWSFCM accurately segments a noise-ridden image while removing noise and still maintaining proper edge and contour information. The computational time was evaluated after averaging through 25 runs for 20 test images, all of sizes 481x321, taken from the BSDS-500. For the results provided in Table IV , the experiments are carried out on a PC with a second generation core i7 processor running at 2.1 GHZ and having 4 GB RAM. The operating system is Windows 7 home basic and the compiler is MATLAB 7.14.0.139. As is evident from the values in Table IV , NNCut algorithm requires minimum computational time since it involves spectral grouping and does not work on individual windows. However, the NNCut algorithm is not noise immune and hence does not serve the purpose of a good noisy image segmentation. KWSFCM achieves lesser computational time than the other algorithms which also incorporate spatial information into account. Fig. 16 shows the variation of computational time when the image size of the synthetic image, given in Fig. 15(a) , is varied from 100x100 to 600x600. The image was Salt & Pepper noise ridden as shown in Fig. 15(b) and Fig. 15(c) shows segmented image using KWSFCM. 
X. CONCLUSION AND FUTURE WORK
KWSFCM serves as a robust image segmentation algorithm that accurately removes noise in case of noisy images and still maintains the structural characteristics of the image. The proposed algorithm shows appreciable performance for all sorts of noises. The method incorporates weighted SUSAN based fuzzy damping coefficients that increase the contribution of the nucleus with decreasing homogeneity in its neighborhood. However, the parameter σ of the kernel has not been made adaptive since a variation of σ from 5 to 5000 did not reflect any appreciable change in the performance of the algorithm. Future research work may include:-a) Investing of other Kernel functions which would require adaptive parameter tuning in pertinence with the test image to be segmented. b) Extension of such a spatially and circularly weighted SUSAN area algorithm to biomedical image processing for the detection of outliers and other inhomogeneities like fractures and micro-aneurysms.
